In this study, we examined the long memory property of conditional variance of the BIST100 and the BOVESPA indexes considering the existence of structural breaks in the series. Results of the study will also be important from the Efficient Market Hypothesis perspective. Empirical analysis was conducted via FIGARCH, HYGARCH, GPH and modified GPH method of Phillips. As the results may be spurious in the existence of structural breaks, we performed all long memory tests before and after the Bai-Perron multiple structural breaks analysis. The sequential method of Bai-Perron multiple structural breaks analysis indicated 3 and 4 breaks for the BIST100 and the BOVESPA indexes, respectively. By considering this information we adjusted both index returns following the method of Choi et al. (2010) and performed the previous tests once again. According to the final results, conditional variance of both indexes have long memory property, that is, both of index volatilities are foreseeable under the past price information. This information conflicts with the weak form of the Efficient Market Hypothesis.
Introduction
It can be said that theories for the price processes of financial assets emerged over one hundred years ago. These theories have been generally structured under the random walk model. However, Mandelbrot (1963) who is the father of fractals, drew attention to self-similarity in the financial time series, and then provided new tools in financial modelling using self-similarity, long-memory and fractal dimension. Mandelbrot is considered the first person who criticized the traditional finance theory, which is based on the Fama's (1965 Fama's ( , 1970 Efficient Market Hypothesis and random walk theory, by pointing out the weak sides and deficiencies of it. It is not possible to expect the proceeding of traditional finance theory with old methods after Mandelbrot's studies.
During the period of , seminal papers of the traditional theory, which are the Modern Portfolio Theory (Markowithz, 1952) , the Capital Asset Pricing Model (Sharpe, 1964) , the Efficient Market Hypothesis, henceforth EMH, (Fama, 1970) , and Black-Scholes Option Pricing Model (Black & Scholes, 1973) , accepted either the normal distribution of the return series or the assumption of the random walk of prices. However, a lot of studies showed that these assumptions are not valid under the real structure of financial markets. Financial asset return distributions are skewed, lepto-kurtic and may have a fat tail. On the other hand, they show long memory and self-similarity features. Just as traditional theory, which was based on the study of Bachelier (1900) , fractal theory was put forward to serve as an alternative to the traditional theory, by Mandelbrot's studies (1963 Mandelbrot's studies ( , 1972 Mandelbrot's studies ( , 1983 . Proposed approximation by Mandelbrot is the process that considers long memory and self-similarity in modelling. Mandelbrot and other researchers, who were inspired by his studies, created new and alternative models to be used in nearly every part of traditional finance theory. These models can be summarized as follows:
• Fractal Market Hypothesis instead of Efficient Market Hypothesis;
• Fractal distributions instead of normal distribution;
• Fractal Brownian motion instead of geometric Brownian motion;
The most important part of these new approaches is to take long memory property into account in the modeling of financial time series. The long memory property, which was originally introduced and modeled by Mandelbrot through Hurst exponent H, was defined differently by Hosking (1981) and Granger and Joyeux (1980) via differencing parameter d using a parametric way. In the next decade, these early studies have opened a new gate for the rise of FIGARCH model family. On the other hand, it has been stated in many studies that structural breaks may cause spurious long memory features; as exemplified by Smith (2005) , Baillie and Morana (2009) . By considering this criticism and using Bai-Perron's (2003) structural breaks test in this study, we examined the long memory features of two emerging markets' volatilities; Brazil and Turkey. Also, in order to increase the credibility of the obtained results, we perform semi-parametric (GPH and modified GPH) and parametric tests (HYGARCH and FIGARCH) together in the empirical section. Because, if the assumptions of parametric models are not satisfied results will not be credible. In addition to the model variety, we also use different type of distributions as preferred distributions may effect the results of the parametric models. Therefore, we test four distribution types: student-t, skewed student-t and generalized error distribution in conjunction with the normal distribution in the construction of HYGARCH and FIGARCH models and we identify the best fitting distribution in the model process.
Literature Reviews
The long memory property has earned a great deal of interest in modern finance literature. The first study in the long memory topic was conducted by British hydrologist Hurst (1951) , in order to measure the memory structure of the Nile river. Afterwards, Mandelbrot (1972) extended the methodology to the financial time series. He proposed the R/S analysis in the calculations of long memory properties, and named H, the measurement in honour of Hurst.
After the seminal papers of Hurst and Mandelbrot, long memory studies focused on two sides: conditional mean and conditional variance. While Granger (1980 Granger ( , 1981 , Joyeux (1980), and Hosking (1981) analysed the long memory property of the conditional mean via a new model, ARFIMA. Baillie et al. (1996) introduced a new class of GARCH processes, FIGARCH, to test long memory in the conditional variance.
Following these papers, evidence of long memory in return and volatility has been documented in many studies such as Ding et al. (1993) , Crato and Lima (1994) , Bollerslev and Mikkelsen (1996) , Andersen and Bollerslev (1997) . While general interest is in stock returns, some studies performed the long memory analysis in different areas. For example, Guillaume et al. (1997) presented stylized facts concerning the spot intra-daily foreign exchange markets. Similarly, Lien and Yang (2010) tested the effects of structural breaks and long memory on currency hedging. While Chung et al. (2003) analysed long memory in currency futures volatility, Barkoulas and Baum (1997) tested for long memory in the daily return series on Eurocurrency deposits denominated in Japanese yen. In addition to these studies Comte and Renault (1998) and Ohanissian et al. (2004) examined the effects of the long memory property in option pricing. In addition, Comte and Renault (1998) also studied a classical extension of the Black and Scholes Model for option pricing, often known as the Hull and White Model.
In conjunction with these papers, many researchers have proposed new methods, especially as extensions of the FIGARCH models. For example, Davidson (2004) proposed HYGARCH model that permits both the existence of second moments, and more extreme amplitudes than the simple IGARCH and FIGARCH models permit. Baillie and Morana (2007) introduced the Adaptive FIGARCH (A-FIGARCH) model which is designed to account for both long memory and structural breaks in the conditional variance process. On the other hand Kılıç (2011) introduced a new nonlinear long memory volatility process, denoted by Smooth Transition FIGARCH, or STFIGARCH, which was designed to account for both long memory and nonlinear dynamics in the conditional variance. Breidt et al. (1998) proposed a new time series representation of persistence in conditional variance called a long memory stochastic volatility (LMSV) model. While the above papers were concerned with the underlying causes of long memory, in recent years there has been numerous research on the structural break effects in long memory. Within this period, some new models were created, and also some existing methods were modified to accommodate this feature, e.g. Baillie and Morana's (2007) A- FIGARCH and Smith's (2005) GPH model. Diebold and Inoue (2000) stated that long memory and structural breaks are intimately related. Andreou and Ghysels (2002) studied the size and power of the new tests for detecting breaks in the conditional variance, under various realistic univariate heteroscedastic models, change-point hypotheses and sampling schemes. Using Robinson's (1994) procedure with level shift dummies, Balcilar (2003) arrived at the surprising conclusion for the Turkish inflation rates that structural breaks significantly affect the long memory properties of the inflation series, and cause spurious long memory. Similarly, Granger and Hyung (2004) stated that part of the long memory may be caused by the presence of neglected breaks in the series. Han (2011) explored the issue of structural breaks and long memory property in the conditional variance process of the Korean exchange rates via A-FIGARCH model of Baillie and Morana (2007) . Shi and Ho (2013) proposed a two-stage 3S-FIGARCH model as a new approach to detect the structural breaks. Zhang et al. (2007) developed a practical implementation of the test to distinguish between a shift in the volatility of returns, and long memory in squared returns. As it can be seen from the previous results, it may be necessary to consider both the structural breaks and the long memory property in the conditional variance process. That is why in this study we will use Bai-Perron multiple breaks point analysis to take structural breaks into account.
Even though there is an increasing interest in the long memory modelling for Turkey's financial markets, we have seen that these studies do not consider the structural breaks, with a few exceptions such as Balcilar (2003) , Ural and Küçüközmen (2011) and Cevik and Erdogan (2009) . The rest of the studies used various methods in the modelling of long memory. Kılıç (2004) showed the existence of long memory in the conditional variance of the BIST100 index via FIGARCH and semi-parametric methods, however there was no sign of long memory in the conditional mean. Similarly, Cevik and Emec (2013) investigated the persistence of the unexpected shocks on the Turkey financial market, and long lasting effects of Arab Spring via ARFIMA-FIGARCH model using the Chung model with student-t distribution. Kasman et al. (2009) investigated the presence of long memory in the eight Central and Eastern European (CEE) countries' stock markets, using the ARFIMA, GPH, FIGARCH and HYGARCH models. Differently from previous papers, in order to test the long memory structure of $/TL currency rate, Alptekin (2006) used non parametric methods such as modified R/S, modified variance V/S statistic and KPSS test. Gürsakal (2010) investigated whether the Turkish stock markets volatility exhibits different patterns of persistence in bulls and bears phases using Pagan and Sossounov (2003) algorithm and the Wavelet methods. Ural and Küçüközmen (2011) examined dual long memory properties for S&P500, FTSE100, DAX, CAC40 and ISE100 returns by using the joint ARFIMA-FIGARCH model, and in the structural breaks test.
The rest of this paper is organized as follows; Section 3 describes theoretical methodology that is used in the empirical part. Section 4 discusses the findings from empirical tests before and after the structural break analysis. Finally, Section 5 presents the conclusion.
Methodology
Before we introduce the FIGARCH, HYGARCH, GPH and the modified GPH models, which will be used in the econometric analysis, first we give a short information concerning long memory property below.
The time series is a long memory process if its spectral density function satisfies:
for a positive finite c, and -0.5 < d < 0.5. For d > 0.5, the time series is nonstationary, while for d < -0.5 it is noninvertible (Chambers, 1998) . The same process can also be explained by the Hurst exponent (or self similarity parameter):
It is clear that H has a relationship with the fractional differencing parameter, d. The relationship between d and H can be defined in a simple way as follows: d = H-0.5 (Wang, 2006) . Baillie (1996) explained the long memory process in a different way, for a time series y t with the autocorrelation function ρ j at lag j as follows:
Fractionally integrated processes are long memory processes, given the definition in Eq. (3). Principally, the process y t can be shown as , if:
where L is the lag operator, -0.5 < d < 0.5 and u t is stationary.
While the autocorrelation function of the short memory process decays at an exponential rate (geometrically), contrastingly the long memory function decays hyperbolically. Hyperbolic and geometric functions can be shown in the following equations, respectively (Dacorogna et al., 2001) :
When is between 0 and 0.5, resistence or dependence will exist; higher values mean higher dependence. However in the case of -0.5 < d < 1, there will be the mean reverting long memory process (Mishra & Urbain, 2004 
FIGARCH Model
Although stationary is a very important topic in econometrics modelling, using differencing to obtain the stationary financial time series may cause information loss in the original data. Generally it is seen that the financial time series becomes stationary at 1 level. Nevertheless, Granger (1980 Granger ( , 1981 , Joyeux (1980), and Hosking (1981) showed the fractional stationary that is the long memory process, . However, the concept of long memory and the non-parametric methods in the measuring long memory were introduced for the first time by Hurst (1951) and Mandelbrot and Van Ness (1968) ; Granger (1980 Granger ( , 1981 , Granger and Joyeux (1980) , Hosking (1981) and Baillie et al. (1996) extended this issue to the parametric methods such as ARFIMA and FIGARCH.
Contrary to the 1 or the 0 time series, shocks to an time series (0 1) decay very slowly with a hyperbolic rate. Any shock concerning to conditional variance in FIGARCH models is not perpetual, it disappears in a hyperbolic rate . Baillie et al. (1996) showed that the FIGARCH ( , , ) process for ( ) can be defined by:
where 0 1, and all the roots of and 1 lie outside the unit circle. Rearranging the terms in Eq. (6), an alternative representation for the FIGARCH ( , , ) model is:
Thus, the conditional variance of is simply given by
In order to well define FIGARCH ( , , ) process and to ensure that the conditional variance is positive for all , the coefficients in the infinite ARCH representation in Eq. (8) must be nonnegative .
HYGARCH Model
Davidson (2004) 
Differently from the classic FIGARCH model there is an additional parameter ( 0) in this model. In the case of 0 (or 0) HYGARCH nests the GARCH model, and similarly nests the FIGARCH model provided that 1.
GPH and Modified GPH Models
As explained by Grau (2005) the GPH method is based on the slope of the spectral density function around the angular frequency 0. The spectral regression is defined by:
where is the periodogram of the time series at the frequencies with 1, … , , is the number of observations and is the number of Fourier frequencies included in the spectral regression. The least square estimate of the slope coefficent provides an estimation of . Andrews and Guggenberger (2003) stated that the widely used log-periodogram regression estimator of the long-memory parameter proposed by Geweke and Porter-Hudak (1983) had been criticized because of its finite-sample bias. Hence, different types of modifications were performed on the classic GPH method. One of them was Phillips' modified GPH model (henceforth, GPH ) (1999a, b). Phillips (1999a) pointed out that the prior literature on this semi-parametric approach does not address the case of 1, or a unit root. As explained by Baum (2000) this weakness of the GPH estimator is solved by the GPH model, in which the dependent variable is modified to reflect the distribution of under the null hypothesis that 1. Phillips (1999a Phillips ( , 1999b proposed the testing of the presence of long-memory when is 0.5 1 which is described by Mishra and Urbain (2004) as follows:
where ; , ln , and 0 . GPH estimator of is obtained by regressing on 1 over frequencies .
Bai-Perron Multiple Break Points Model
Bai-Perron (1998, 2003) presented the following multiple linear regression model with breaks and 1 regimes:
where 1, . . . , 1. In this model, is the logarithmic realized volatility at time ; and is the mean of the logarithmic realized volatility. As explained by Choi et al. (2010) may be serial correlated and heteroskedastic. The break points ( 1, … , ) are explicitly treated as unknown. Using this methodology we will estimate the unknown regression coefficients together with the break points. Bai-Perron (1998 , 2003 offered three different test statistics in order to determine multiple breaks:
• the type test of no structural break ( 0) versus breaks
• versus 1 breaks, labelled 1|
• double maximum tests: ( , and ,
Test results present three different information criteria, BIC, LWZ and sequential estimates. The method suggested by Bai-Perron (2003) is based on the sequential application of the 1| test because of the spurious results of BIC and LWZ tests in the existence of the serial correlation in the errors.
Emprical Analysis

Descriptive Statistics and Data Analysis
This paper examines both the structural breaks, and the long memory property in the squared returns of the BIST100 index and Bovespa, henceforth sbist and sbovespa, during the period of 02/01/1995-02/02/2014 via FIGARCH, HYGARCH, GPH and GPH methods considering structural breaks with the Bai-Perron Multiple Structural Breaks Test. Detecting long memory properties in conditional variance means that future movements of volatility can be predicted. This situation requires the criticism of Fama's (1970) Vol. 6, No. 12; the weak form of EMH is based on the Random Walk hypothesis, it means that the current asset prices reflect all of the past historical price information within the security.
In this study, all data was provided by the database of the Central Bank of Republic of Turkey, and finance.yahoo.com. The best volatility modelling issues have been discussed deeply in finance literature. Pagan and Schwert (1990) stated that the most popular data in volatility modelling are squared and absolute returns. Triacca (2007) used squared returns, whereas Giles (2008) preferred absolute returns in the modelling of implied volatility. As it gives more reliable results in volatility modelling, we used squared returns in the empirical part.
Squared returns obtained in following way: , where is the return at time and is the index price in time .
Foremost, in order to get a general idea about the character of data, we calculated the descriptive statistics.
Results showed that both of the series indicate deviations from normal distribution. A normal distribution has a symmetrical bell-shaped curve structure, and according to normal distribution's third and fourth moments, skewness and kurtosis values have to become 0 and 3, respectively. In the case of deviations from these figures, it means that related series do not show normal distribution properties. As it is seen from the skewness and kurtosis values from Table 2 , both of the series are positively skewed and leptokurtic. Positively skewed means that the right tail of distribution is longer than the left one. That is, negative return frequencies occur much more than positive returns. According to the Jerque Bera Test statistic, both sbist and sbovespa variables do not display normal distribution. These results demonstrate the general properties of the distribution of financial time series, such as fat and long tails. Before we performed the long memory tests, we tested the unit root structures of the series via the Augmented Dickey-Fuller (ADF) and Phillips-Perron (PP) Tests. Null hypothesis of these tests stated that there is unit root in the series; meaning the series is not stationary. Results show that the stationary level of both series are 0 ; that is, both of the data is stationary and does not have a unit root. After unit the root tests, we applied the Ljung-Box Test in order to have an idea about the dependency structure of the series. The null hypothesis of this test can be written as follows, : ⋯ 0. This means that the data is independently distributed. Any autocorrelation value, that is different from zero, is a sign of the series' time dependency and memory. Accordingly, we rejected the null hypothesis for both of the series. It can be seen from On the other hand, we can attain similar results from the following graphs that show resistive autocorrelation structures of sbist and sbovespa variables, respectively. It is clear that autocorrelation functions of the series decay slowly. The results are an important finding for the dependency property of the volatility of the data. (2013) we will perform FIGARCH and HYGARCH tests in order to investigate. We will also use GPH and GPH methods in conjunction with the Bai-Perron multiple break points analysis in order to determine whether there is long memory in the volatility of sbist and sbovespa series, or not. As log periodogram methodology is more flexible in the diagnostic tests as a semi-parametric method, we will support the FIGARCH and HYGARCH test results, with GPH and GPH outputs before and after structural breaks analysis.
Long Memory Analysis in Volatility Before B-P Test
Similar to Davidson (2004), Niquez and Rubia (2006) Kasman et al. (2009) and Antonakakis and Darby
Descriptive statistics showed that the distribution shape of the data are quite different from the normal distribution. Therefore, we first determined the correct distribution type that fit the data using the Log-likelihood (LL) and the Akaike Information Criteria (AIC) as model selection criteria before we investigated long memory in the empirical part. As it can be seen from Table 5 , in the FIGARCH and HYGARCH estimations, which were modelled under normal, student-t, skewed student-t and generalized error distribution, the most succesful distribution type for the squared returns is generalized error distribution (GED). Because of its success we used Vol. 6, No. 12; GED in the following section as a reference distribution for the squared returns in the FIGARCH and HYGARCH models. Although we do not use absolute returns in the modelling, during the analysis of the return series we have seen that the absolute returns corresponded with the skewed student-t distribution in contrast to squared returns.
In order to exhibit the difference between the models' performance, we performed the GARCH test, which does not consider the long memory property, in conjunciton with the FIGARCH and HYGARCH models. After we tried different lags, we settled on the GARCH (1,1) model. As it can be seen from Table 6 , the sum of the α and β values were close to 1, especially for sbist data (0.9817). According to Engle and Bollerslev (1986) this is a sign of the resistence volatility process. Results of Table 6 indicate that the long memory parameter d is statistically significant for all models. That is, it is significantly different from zero for the FIGARCH and HYGARCH models. It means that there is long memory property in the volatility of the squared returns of sbist and sbovespa data. Another important finding is the values of the FIGARCH and HYGARCH models becoming lower than those in the GARCH models. As well as the significant d coefficient; log likelihood, AIC and SIC results show that the HYGARCH model is more succesful than the FIGARCH and GARCH models. That is, the HYGARCH model fits the data better than the other models. However, it is seen that there are some vulnerabilities of these models regarding the diagnostic tests results. As there is autocorrelation and heteroscadasticity in the residuals of the models, values of the d coefficient may be spurious. Therefore, in the next section, we will perform semi-parametric tests, which are more flexible on the assumptions, in order to eliminate the uncertainties of the FIGARCH and HYGARCH models. Geweke and Porter-Hudak (1983) proposed the estimation of d under the first m periodogram ordinates; that is why we have used different periodogram levels, which are 0.5, 0.6, 0.7, and 0.8, under GPH and GPH models. Results indicate that all obtained d coefficents are statistically significant in the 95 percent confidence level. These results have supported the previous findings. So far, although the findings have shown the existence of the long memory property in the volatility of the BIST100 and BOVESPA indexes, we should consider structural breaks in the data to avoid spurious effects of level shifts. This is because long memory property can arise from financial crisis and corresponding policy changes, as well. Therefore, we performed multiple breakpoint analysis via the Bai-Perron Multiple Structural Breaks Test.
Bai-Perron Multiple Structural Breaks Test
Bai and Perron (1998, 2003) proposed three different test statistics , 1| and , -, for the structural breaks analysis. However, they recommended the supF T (l+1|l) test as a final decision that is based on the sequential approximation. As the Asia Crisis 1997, Russia crisis 1998, Brazil crisis 1999, Turkey crisis 2001 and Mortagage crisis 2008 are within the period of the sample, while setting up the test model, we determined that the number of maximum breaks is five. According to the results, we rejected the null hypothesis of sup F T (l) test, which says that there are no structural breaks against the alternative hypothesis, which claims that there are a maximum of 5 breaks for both the sbist and sbovespa variables in the 95% confidence interval. On the other hand, the null hypothesis of the UD max and WD max tests, which says that there are no structural breaks against the structural breaks, was rejected for 0.05, as well. In spite of that, we could not reject the null hypothesis of supF T (l+1|l) test for l=4. Bai and Perron (2003a) showed that the sequential test is more robust than the BIC and LWZ methods. Subsequently we prefered to use the sequential method results in order to determine the number of breaks. Hence, it was seen that while there were 3 breaks for the sbist variable, there were 4 breaks for the sbovespa variable. When we compare the break dates for the two countries, it is seen that except for the year 2009, there is no www.ccsenet.org/ijef International Journal of Economics and Finance Vol. 6, No. 12; similarity between the countries. According to the results, the break dates of the sbist variable are 06/16/1994, 08/06/1998, and 04/14/2003 ; whereas for sbovespa variable they are 06/16/1994, 07/31/1998, 04/11/2003, and 06/05/2009 . In the presenting of the break dates via graphs, we used the raw and indexed squared returns in order to eliminate the effect of inflation in the period of the sample. As it can be seen from the figures below, the break dates seem more clear from the indexed series. In the calculating of the indexed series we used dollar/local currency value on 02/01/1995. 1998 [11.18.1996-11.18.1998] 01. 27.1999 [01.27.1999-09.24.2001] 03. 20.2003 [03.17.2003-12.26.2003] 10. 25.2002 [07.08.2002-01.09.2004] 05. 07.2009 [08.26.2008-12.22.2010] 
Long Memory Analysis in Volatility After B-P Test
After the confirmation of the structural breaks in the squared returns, we adjusted the series using the method of Choi et al. (2010) via the following equaiton: u . Here, is the mean of the different regimes that were obtained from the break dates.
is raw series and u is the adjusted series. Using this equation, we demeaned all of the series in each regime. In other words, we turned the different levels of the means in to one In order to support the findings of the FIGARCH and HYGARCH models we performed GPH and modified GPH tests for the modified data. Vol. 6, No. 12; indicate that d coefficients are statistically significant for α = 0.05 in both the GPH and GPH models. All these findings are consistent with the results of HYGARCH and FIGARCH models. This means that there are long memory properties in both index volatilities.
Conclusion
The long memory issue has been one of the most interesting topics of financial econometrics in the last twenty years. However, the majority of these studies were conducted for developed countries' financial markets. In this study, we examined the long memory structure of the volatility of the BIST100 and BOVESPA Indexes before and after Bai-Perron multiple structural break analysis. After the determination of best fitting distribution for both return series, all long memory analysis were conducted via GPH, Modified GPH, HYGARCH ve FIGARCH models. Results showed that the best fitting distribution for the squared returns is the generalized error distribution, whereas the best fitting distribution for the absolute returns is the skewed student-t distribution. These results are also accordant with the findings of literature, because many studies showed that financial asset returns have fat tails and these tails decay via a power law behaviour. Before the structural break analysis, GPH, Modified GPH, FIGARCH ve HYGARCH tests have demonstrated that both return volatilities have long memory features. However, as it is stated in the literature, structural breaks can produce spurious long range dependence effects. Hence, in the second part of the empirical section, we conducted the Bai-Perron multiple structural break point analysis for all the return series due to the existence of 5 serious financial crises in the period of the study: Turkey and Mexico in 1994, Asia in 1997, Russia in 1998, Turkey in 2001 and the mortgage crisis in 2008. As a matter of fact, results of the Bai-Perron multiple break point analysis showed that there is 4 and 3 breaks for the BIST100 and BOVESPA index volatilities, respectively. After the determination of the break dates, using the procedure suggested by Choi et al. (2010) we have modified all raw return series and performed the aforementioned tests again. New results also indicated that modified return series have long memory properties, as well. These findings proved that results of the first long range dependence tests are not spurious, that is, long memory property of the return volatilities does not arise from the structural breaks.
